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ABSTRACT

In various real-world problems, we are presented with classification problems with positive and unlabeled
data, referred to as presence-only responses. In this article we study variable selection in the context of
presence only responses where the number of features or covariates p is large. The combination of presence-
only responses and high dimensionality presents both statistical and computational challenges. In this article,
we develop the PUlasso algorithm for variable selection and classification with positive and unlabeled
responses. Our algorithm involves using the majorization-minimization framework which is a generalization
of the well-known expectation-maximization (EM) algorithm. In particular to make our algorithm scalable,
we provide two computational speed-ups to the standard EM algorithm. We provide a theoretical guarantee
where we first show that our algorithm converges to a stationary point, and then prove that any stationary
point within a local neighborhood of the true parameter achieves the minimax optimal mean-squared error
under both strict sparsity and group sparsity assumptions. We also demonstrate through simulations that
our algorithm outperforms state-of-the-art algorithms in the moderate p settings in terms of classification
performance. Finally, we demonstrate that our PUlasso algorithm performs well on a biochemistry example.
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1. Introduction

In many classification problems, we are presented with the
problem where it is either prohibitively expensive or impossible
to obtain negative responses and we onlyhave positive and unla-
beled presence-only responses (see, e.g., Ward et al. 2009). For
example, presence-only data are prevalent in geographic species
distribution modeling in ecology where presences of species in
specific locations are easily observed but absences are difficult
to track (see, e.g., Ward et al. 2009), text mining (see, e.g., Liu et
al. 2006), bioinformatics (see, e.g., Elkan and Noto 2008), and
many other settings. Classification with presence-only data is
sometimes referred to as PU-learning (see, e.g., Liu et al. 2006;
Elkan and Noto 2008). In this article, we address the problem of
variable selection with presence-only responses.

1.1. Motivating Application: Biotechnology

Although the theory and methodology we develop apply
generally, a concrete application that motivates this work
arises from biological systems engineering. In particular,
recent high-throughput technologies generate millions of
biological sequences from a library for a protein or enzyme
of interest (see, e.g., Fowler and Fields 2014; Hietpas, Jensen,
and Bolon 2011). In Section 5, the enzyme of interest is beta-
glucosidase (BGL) which is used to decompose disaccharides
into glucose which is an important step in the process of
converting plant matter to biofuels (Romero, Tran, and Abate
2015). The performance of the BGL enzyme is measured by
the concentration of glucose that is produced and a positive

response arises when the disaccharide is decomposed to glucose
and a negative response arises otherwise. Hence, there are
two scientific goals: firstly to determine how the sequence
structure influences the biochemical functionality; secondly,
using this relationship to engineer and design BGL sequences
with improved functionality.

Given these two scientific goals, we are interested in both
the variable selection and classification problem since we want
to determine which positions in the sequence most influence
positive responses as well as classify which protein sequences are
functional. Furthermore, the number of variables here is large
since we need to model long and complex biological sequences.
Hence, our variable selection problem is high-dimensional. In
Section 5, we demonstrate the success of our algorithm in this
application context.

1.2. Problem Setup

To state the problem formally, let x € R? be a p-dimensional
covariate such that x ~ Py, y € {0, 1} an associated response,
and z € {0, 1} an associated label. If a sample is labeled (z = 1),
its associated outcome is positive (y = 1). On the other hand, ifa
sample is unlabeled (z = 0), it is assumed to be randomly drawn
from the population with only covariates x not the response y
being observed. Given #, labeled and #,, unlabeled samples, the
goal is to draw inferences about the relationship between y and x.
We model the relationship between the probability of a response
y being positive and (x, 0) using the standard logistic regression
model
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Figure 1. High-throughput sequencing diagram.
16 (x) . . . . ne+n
P(y = 1|x;0) = Trenm M (x)=0"x (1) In the biological sequence engineering example, (x;)i";
e

and y|x ~ P(-|x; 6*) where 6* € RP refers to the unknown true
parameter. Also, we assume the label z is assigned only based
on the latent response y independent from x. Viewing z as a
noisy observation of latent y, this assumption corresponds to a
missing at random assumption, a classical assumption in latent
variable problems.

Given such z, we select »; labeled and 7, unlabeled samples
from samples with z = 1 and z = 0, respectively. An important
issue is how positive and unlabeled samples are selected. In this
article, we adopt a case-control approach (e.g., McCullagh and
Nelder 2006) which is suitable for our biotechnology application
and many others. In particular, we introduce another binary
random variable s € {0,1} representing whether a sample is
selected (s = 1) or not (s = 0) to model different sampling
rates in selecting labeled and unlabeled samples. Since there are
n¢ labeled and #, unlabeled samples, we have

Pz=1s=1) ng
Pz=0ls=1) n,

and we see only selected samples, (xi, zi,s; = 1):’5{””. It is fur-
ther assumed that the selection is only based on the label z, inde-
pendent of x and y. We note that this case-control scheme (Lan-
caster and Imbens 1996; Ward et al. 2009), opposed to the single-
training sampling scheme (Elkan and Noto 2008) is needed to
model the case where unlabeled samples are random draws from
the original population, since positive samples have to be over-
represented in the dataset to satisfy such model assumption.

In our biotechnology application the case-control setting is
appropriate since the high-throughput technology leads to the
unlabeled samples being drawn randomly from the original
population (see Romero, Tran, and Abate 2015 for details). As
is displayed in Figure 1, sequences are selected randomly from a
library and positive samples are generated through a screening
step. Hence, the positive sequences are sampled randomly from
the positive sequences while the unlabeled sequences are based
on random sampling from the original sequence library. This
experiment corresponds exactly to the case-control sampling
scheme discussed.

Furthermore, the true positive (TP) prevalence is

”:=P<y:”=/m

and 7 is assumed known. In our biotechnology application, &
is estimated precisely using an alternative experiment (Romero,
Tran, and Abate 2015).

ello* (%)
dPx(x) € (0,1)  (2)

correspond to binary covariates of biological sequences. In the
BGL example, for each of the d positions, there are M possible
categories of amino acids. Therefore, the covariates correspond
to the indicator of an amino acid appearing in a given posi-
tion (p = O(dM)) as well as pairs of amino acids (p =
O(d?M?)), and so on. Here d = O(1000) and M = 20 make
the problem high-dimensional.

High-dimensional PU-learning presents computational
challenges since the standard logistic regression objective leads
to a nonconvex likelihood when we have positive and unlabeled
data. To address this challenge, we build on the expectation-
maximization (EM) procedure developed in Ward et al. (2009)
and provide two computational speed-ups. In particular, we
introduce the PUlasso for high-dimensional variable selection
with positive and unlabeled data. Prior work that involves the
EM algorithm in the low-dimensional setting in Ward et al.
(2009) involves solving a logistic regression model at the M-step.
To adapt to the high-dimensional setting and make the problem
scalable, we include an ¢;-sparsity or £;/£,-group sparsity
penalty and provide two speed-ups. First, we use a quadratic
majorizer of the logistic regression objective, and secondly, we
use techniques in linear algebra to exploit sparsity of the design
matrix X which commonly arises in the applications we are
dealing with. Our PUlasso algorithm fits into the majorization-
minimization (MM) framework (see, e.g., Lange, Hunter, and
Yang 2000; Ortega and Rheinboldt 2000) for which the EM
algorithm is a special case.

1.3. Our Contributions

In this article we make the following major contributions:

+ Develop the PUlasso algorithm for doing variable selection
and classification with presence-only data. In particular, we
build on the existing EM algorithm developed in Ward et
al. (2009) and add two computational speed-ups, quadratic
majorization and exploiting sparse matrices. These two
speed-ups improve speed by several orders of magnitude
and allows our algorithm to scale to datasets with millions of
samples and covariates.

o Provide theoretical guarantees for our algorithm. First we
show that our algorithm converges to a stationary point of the
nonconvex objective, and then show that any stationary point
within a local neighborhood of 6* achieves the minimax
optimal mean-squared error for sparse vectors. To provide



statistical guarantees we extend the existing results of gener-
alized linear model with a canonical link function (Negahban
et al. 2012; Loh and Wainwright 2006) to a noncanonical link
function and show optimality of stationary points of noncon-
vex objectives in high-dimensional statistics. To the best of
our knowledge the PUlasso is the first algorithm where PU-
learning is provably optimal in the high-dimensional setting.

« Demonstrate through a simulation study that our algorithm
performs well in terms of classification compared to state-
of-the-art PU-learning methods in Du Marthinus, Niu,
and Sugiyama (2015), Elkan and Noto (2008), and Liu et
al. (2006), both for low-dimensional and high-dimensional
problems.

o Demonstrate that our PUlasso algorithm allows us to develop
improved protein-engineering approaches. In particular, we
apply our PUlasso algorithm to sequences of BGL enzymes to
determine which sequences are functional. We demonstrate
that sequences selected by our algorithm have a good pre-
dictive accuracy and we also provide a scientific experiment
which shows that the variables selected lead to BGL proteins
that are engineered with improved functionality.

The remainder of the article is organized as follows: in Sec-
tion 2 we provide the background and introduce the PUlasso
algorithm, including our two computational speed-ups and pro-
vide an algorithmic guarantee that our algorithm converges to
a stationary point; in Section 3 we provide statistical mean-
squared error guarantees which show that our PUlasso algo-
rithm achieves the minimax rate; Section 4 provides a com-
parison in terms of classification performance of our PUlasso
algorithm to state-of-the-art PU-learning algorithms; finally in
Section 5, we apply our PUlasso algorithm to the BGL data
application and provide both a statistical validation and simple
scientific validation for our selected variables.

Notation: For scalars a,b € R, we denote a A b =
min{a,b},a v b = max{a,b}. Also, we denote a = b if
there exists a universal constant ¢ > 0 such that a > c¢b. For
v,w € RP, we denote ¢1, {5, and £oo norm as [|v|l; = Y o |vil,
v, = VvTy, and IVlleo = sup; vl and use vo w € RP to
denote Hadamard product (entry-wise product) of v, w. For a
set S, we use |S| to denote the cardinality of S. For any subset
SC{l,....p}vs € R8I denotes the subvector of the vector
v by selecting the components with indices in S. Likewise for
matrix A € R"*P, Ag € R"*SI denotes a submatrix by selecting
columns with indices in S. For a group £ /£, norm, the norm is
characterized by a partition G := (g1,...,g) of {1,...,p} and
associated weights (wj){. Welet G := (G, (wj)ll) and define the
£1/€; norm as ||vllg,; = ZJ- wjllvgll,. We often need a dual
(G, (wj_l){) and write
[vIlg 5 00 = max; w;l lIvgll- Finally, we write B, (r, v) for an ¢,
ball with radius r centered at v € RP, and denote as B,(r) if
v =0.

For a convex function f : R? — R, we use df (x) to denote the
set of subgradients at the point x and Vf (x) to denote an element
of df (x). Also for a function f + g such that f is differentiable
(but not necessarily convex) and g is convex, we define 9(f +
@) = {Vf(x) + h € RP;h € dg(x)} with a slight abuse of

normof ||-|[ g, ;. We use G to denote G :=
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notation. Also, we say f(n) = O(g(n)), f(n) = Q(g(n)), and
f(n) = ©(g(n))if |f] is asymptotically bounded above, bounded
below, and bounded above and below by g.

For a random variable x € R, we say x is a sub-Gaussian
random variable with sub-Gaussian parameter o, > 0 if
Elexp(t(x — E[x]))] < exp(tzaf/Z) for all t € R and we denote
as x ~ subG(o2) with a slight abuse of notation. Similarly, we
say x is a sub-exponential random variable with sub-exponential
parameter (v, b) if E[exp(t(x — E[x]))] < exp(t*v?/2) for all
|t] < 1/b and we denote as x ~ subExp(v,b). A collection of
random variables (xi, .. .,x,) is referred to as x{.

2. PUlasso Algorithm

In this section, we introduce our PUlasso algorithm. First, we
discuss the prior EM algorithm approach developed in Ward
et al. (2009) and apply a simple regularization scheme. We
then discuss our two computational speed-ups, the quadratic
majorization for the M-step and exploiting sparse matrices.
We prove that our algorithm has the descending property and
converges to a stationary point, and show that our two speed-
ups increase speed by several orders of magnitude.

2.1. Prior Approach: EM Algorithm With Regularization

First we use the prior result in Ward et al. (2009) to determine
the observed log-likelihood (in terms of the z;s) and the full
log-likelihood (in terms of the unobserved y;s and z;s). The
following lemma, derived in Ward et al. (2009), gives the form
of the observed and the full log-likelihood in the case-control
sampling scheme.

Lemma 2.1 (Ward et al. 2009). The observed log-likelihood
log L(6; x},2}') for our presence-only model in terms of
(xi>zissi = DL, is

log L(6; x7,2}) = log (H Py (zil|xi, si = 1))
i

zi

n . 9Tx
= Zlog 1 ;m“ n\0Tx
i1 + 1+ ﬂ—nu)e
T 1—z;
1+ 0" x
x (1 1 e"l 0Tx> ’ 3)
+ ( + ﬂ—n”)e
The full log-likelihood log Ly (6; xY, y7, z{) in terms of (x;, yi, i
si=1} is

log L (65 x7, y7> 21)

= log (]_[ Py (yi, zilxi, si = 1))

i

T ne +mny
60 +log ————
“Z[’( +log Ty, )

_log<1+exp< T9+log—[+7m“))], (4)
Ty,

where 1y, n,, are the number of positive and unlabeled observa-
tions, n = ny + n, and 7 is defined in (2).
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The proof can be found in Ward et al. (2009). Our goal is to
estimate the parameter 6* := argmin, gy E[—log L(6; x, z])],
which we assume to be unique. In the setting where p is large, we
add a regularization term. We are interested in cases when there
exists or does not exist a group structure within covariates. To be
general we use the group £, /¢,-penalty for which ¢; is a special
case. Hence, our overall optimization problem is

1 n
minigmize - Z; log L(0; xi, zi) + P5.(0), (5)
i=
where log L(0;x;,z;) is the observed log-likelihood. For a
penalty term, we use the group sparsity regularizer

J

Pr(O) = MOllgon =2 Y w;llfgll (6)
j=1

with § = (G, (Wj)]]‘=1)’ such that G := (g1,...,g) is a partition
of (1,...,p) and w; > 0. We note that ||0]|g,; = 101l if ] = p,
g = {j} and wj =1, Vj. For notational convenience we denote
the overall objective F,(0) as

1 n
Fn(0) = —~ i:leogL(e;xi, zi) + Pi(0) = £,(0) + P1(0),

(7)

where we define the loss function £,(0) as L£,(0) :=
—n7 'Y log L(65 X3, 2;) and Py (6) = A0l g0, = A Z]Ll w
16 -

In the original proposal of the group lasso, Yuan and
Lin (2006) recommended to use (6) for orthonormal group
matrices ng, that is, X;ng/n = I‘gj|x|gj|. If group matrices
are not orthonormal, however, it is unclear whether we should
orthonormalize group matrices prior to application of the group
lasso. This question was addressed in Simon and Tibshirani
(2012), and the authors provide a compelling argument that
prior orthonormalization has both theoretical and computa-
tional advantages. In particular, Simon and Tibshirani (2012)
demonstrated that the following orthonormalization procedure
is intimately connected with the uniformly most powerful
invariant testing for inclusion of a group. To describe this
orthonormalization explicitly, we obtain standardized group
matrices Qg € R™<8! and scale matrices Ry € RI&I<Igil for
j > 2 using the QR-decomposition such that

T
POng = ngjo and ngng = nIlgj|><|gj|, (8)

1,17
where Py = (Inxn — =%

) is the projection matrix onto the
orthogonal space of 1,. Letting Q := [1,, Qg,,...,Qq]l =
[q],...,qL], the original optimization problem (5) can be
expressed in terms of g;s and becomes

1< /
argmin - Z log L(v; gi»zi) + A Z willvgllz ¢ » )
v i=1 j=1

where we use the transformation 0 to v

=Y Lix R, j=1
_n =2 Tn &g Vg 1= (10)
& i>2

We note that this corresponds to the standard centering and
scaling of the predictors in the case of standard lasso. For more
discussion about group lasso and standardization (see, e.g.,
Huang, Breheny, and Ma 2012).

A standard approach to performing this minimization is to
use the EM-algorithm approach developed in Ward et al. (2009).
In particular, we treat y}' as hidden variables and estimate them
in the E-step. Then use estimated y} to obtain the full log-
likelihood log Ls (0; x7, ¥4, 2]) in the M-step.

Algorithm 1: Regularized EM algorithm for the optimiza-
tion problem (5)

1 Input: an initialization 6° such that F,,(6°) < F, (61
2 for m=0,1,2,..., do
o E-step: estimate y; at 0 = 6™ by

xlom

1—z;
e’
§i@O0™) = | —— (11)
1+e4°

+ M-step : obtain 9! by

n
gmtl ¢ argmin !—% Z ()?i(QM) (xiTQ + b)
o i=1

—log(1 + ¢ %)) + P, 0)
(12)

ng +mny

where b := log
Ty

3 end

The E-step follows from

exTem 1—z;
Egmlyilzi,xiysi = 1] = | ——— since z; = 1 implies
14 ¢4 ?
yi = 1 and when z; = 0, observations in the unlabeled data

are random draws from the population. An initialization 6° can
be any R? vector such that F, 0% < F,(Oqun) where Oy is
the parameter corresponding to the intercept-only model. If we
are provided with no additional information, we may use 6,1
for the initialization. We use 0° = 0, as the initialization for
the remainder of the article. For the M-step, it was originally
proposed to use a logistic regression solver. We can use a regu-
larized logistic regression solver such as the glmnet R package to
solve (12). We discuss a computationally more efficient way of
solving (12) in the subsequent section.

2.2. PUlasso: A Quadratic Majorization for the M-Step

Now we develop our PUlasso algorithm which is a faster algo-
rithm for solving (5) by using quadratic majorization for the
M-step. The main computational bottleneck in algorithm 1 is
the M-step which requires minimizing a regularized logistic
regression loss at each step. This subproblem does not have a
closed-form solution and needs to be solved iteratively, causing
inefficiency in the algorithm. However, the most important



property of the objective function in the M-step is that it is a
surrogate function of the likelihood which ensures the descend-
ing property (see, e.g., Lange, Hunter, and Yang 2000). Hence,
we replace a logistic loss function with a computationally faster
quadratic surrogate function. In this aspect, our approach is an
example of the more general MM framework (see, e.g., Lange,
Hunter, and Yang 2000; Ortega and Rheinboldt 2000).

On the other hand, our loss function itself belongs to a
generalized linear model family, as we will discuss in more detail
in the subsequent section. A number of works have developed
methods for efficiently solving regularized generalized linear
model problems. A standard approach is to make a quadratic
approximation of the log-likelihood and use solvers for a reg-
ularized least-square problem. Works include using an exact
Hessian (Lee et al. 2006; Friedman, Hastie, and Tibshirani 2010),
an approximate Hessian (Meier, Van De Geer, and Bithlmann
2008) or a Hessian bound (Krishnapuram et al. 2005; Simon and
Tibshirani 2012; Breheny and Huang 2013) for the second-order
term. Solving a second-order approximation problem amounts
to taking a Newton step, thus convergence is not guaranteed
without a step-size optimization (Lee et al. 2006; Meier, Van De
Geer, and Bithlmann 2008), unless a global bound of the Hessian
matrix is used. Our work can be viewed as in the line of these
works where a quadratic approximation of the loss function is
made and then an upper bound of the Hessian matrix is used to
preserve a majorization property.

A coordinate descent (CD) algorithm (Wu and Lange 2008;
Friedman, Hastie, and Tibshirani 2010) or a block coordinate
descent (BCD) algorithm (Yuan and Lin 2006; Puig et al. 2011;
Simon and Tibshirani 2012; Breheny and Huang 2013) has been
a very efficient and standard way to solve a quadratic problem
with £; penalty or £; /¢, penalty and we also take this approach.
When a feature matrix X € R"*F is sparse, we can set up
the algorithm to exploit such sparsity through a sparse linear
algebra calculation. We discuss this implementation strategy in
Section 2.2.1.

Now we discuss the PUlasso algorithm and the construction
of quadratic surrogate functions in more details. Using the
MM framework, we construct the set of majorization functions
—Q(0;6™) with the following two properties

Q(B™;0™) = QO™ 6™), QB:0™) < QB:0™),V6, (13)
where our goal is to minimize —Q where Q(6;6™) :=
n_lEgm[logLf(6)|z’f,x{’,s’f =1].

Using the Taylor expansion of Q(9;6™) at§ = 6™, we obtain
Q(0;0™)

1 A * m
= QO™ ™) + ;[XT@(G’") — O™ A
1
ATXTW(O + sAm) XA pds

21’!0

1 1
> QO™ 0™) + — (O™ — n* O™ XA — & ATXTX A,
n n

exiT9m+b
where we define A,, = 0 — 0™, u*(O"); = ——,
Tom
1+ 5 00
ng +mn
b = log net and W € R"*" is a diagonal matrix with

TNy
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(Wi == u*@);(1 — u*(0):). Zhe inequality follows from
W) < ;il,,xn, V 6. Thus, setting Q as follows
_ 1
Q(B:0™) := QO™;6™) + = (F(O™) — w* (™)' (X0 — X6™)
n
1
—— O -0MTXTX©H —0o™),
8n

Q satisfies both conditions in (13). Also with some algebra, it
follows that

_ 1
Q(:0™) = — - (4G(O™) — 1 (O™) + X" — x0T 4G©O™)
—uF(O™)) + X6™ — X6) + c(6™)

for some c(6™) which does not depend on 6. Hence, —Q acts as
a quadratic surrogate function of —Q which replaces our M-step
for the original EM algorithm. Therefore, our PUlasso algorithm
can be represented as follows.

Algorithm 2: PUlasso : QM-EM algorithm for the opti-
mization problem (5)

1 Input: an initialization 6° such that F,(9°) < F,,(6nun)
2 for m=0,1,2,..., do
o E-step: estimate y; at 6 = 0™ by

exfem 1=z
yi0™ = | ——=
1 1+ e5?

+ QM-EM step : obtain 6™+ by

1. create a working response vector u(0™) at @ = 6™
u@™) == 4(HO™) — n*(O™)) + X0™ (15)

2. solve a quadratic loss problem with a penalty

6™+ ¢ argmin {i(u(em) — X0 (u©e™)
0 2n

—X0) +4P,\(9)} (16)

3 end

Now we state the following proposition to show that both
the regularized EM and PUlasso algorithms have the desirable
descending property and converge to a stationary point. For
convenience we define the feasible region ®, which contains
all & whose objective function value is better than that of the
intercept-only model, defined as

Op = {0 € R%;F,(0) < Fu(Bpu)}> (17)

where Oy = [log *-,0,..., 0]7, an estimate corresponding
to the intercept-only model. We let 8 be the set of stationary
points satisfying the first-order optimality condition, that is,

8 :={0;3AVTF,(0) € 3F,(0) such that

VF(0)T O —6) >0,V 6 €O} (18)

One of the important conditions is to ensure that all iterates of
our algorithm lie in ®¢ which is trivially satisfied if 6° = @
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Proposition 2.1. The sequence of estimates (™) obtained by
Algorithms 1 or 2 satisfies

(i) F,(0™) > F,(0™+)), and F,(6™) > F, (6™ 1) if 0™ ¢ 8.
(ii)All limit points of (6™)7° are elements of the set 8, and
F,(0™) converges monotonically to F, (0) for some § € 8.
(iii)The sequence (0™) has at least one limit point, which must

be a stationary point of F,,(6) by (ii).

Proposition 2.1 shows that we obtain a stationary point of
the objective (7) as an output of both the regularized EM algo-
rithm and our PUlasso algorithm. The proof uses the standard
arguments based on Jensen’s inequality, convergence of EM
algorithm and MM algorithms and is deferred to the supplement
SI1.1.

2.2.1. Block Coordinate Descent Algorithm for M-Step
and Sparse Calculation

In this section, we discuss the specifics of finding a minimizer

for the M-step (16) for each iteration of our PUlasso algorithm.

After preprocessing the design matrix as described in (9) and

(10), we solve the following optimization problem using a stan-

dard block-wise coordinate descent algorithm.

]
argmln —||u - QV||2 + 4)\ZWJ“V&”2
j=1

(19)

Algorithm 3: Fitting (19) using Block Coordinate Descent

1 Given initial parameter v = [vy, qu; . ng;]T, a residual
vector r = u — ZJ]‘:1 Qgivg;
2 for j=1do
3 ‘ update v; and r using (20)-(22)
4 end
5 repeat
6 | forj=2,..,]do
7
Zj= n_ngT/_r + vg (20)
v‘g,j < S(zj, 4Aw)) (21)
¥ «—r+ Qg (vg — véj) (22)
r <7, Vg < véj
8 | end

9 until convergence;

S(., A) is the soft thresholding operator defined as follows

z .
(lzlly =2)—— ifflzll > A
lIzll2

0 otherwise.

S(z,A) :=

Note that we do not need to keep updating the intercept v; since
Qg;»j = 2areorthogonal to Qg = 1. For more details (see, e.g.,
Breheny and Huang 2013).

For our biochemistry example and many other examples, X
is a sparse matrix since each entry is an indicator of whether an

amino acid is in a position. In Algorithm 3, we do not exploit
this sparsity since Q will not be sparse even when X is sparse. If
we want to exploit sparse X we use the following algorithm.

Algorithm 4: Fitting (19) and exploiting sparse X

. s _ T T1T
1 Given initial parameter v = [vy, Vgy - v os Ugl]
r= u—PO(ZJ 1 XgR g vgj)
2 for j=1do
3 ‘ update v; and r using (20)-(22).
4 end
5 repeat
6 | forj=2,...,Jdo
7
—1p—1+T -1 T T
zj=n"'Ry'Xgr — Ry (nglln/n) (Lpr/n) + vy,
(23)
véj < S(zj, 4Aw)) (24)
/ 1 /
r <—r+ngRg (ng—ng) (25)
i< 1 Xg}RgJ (vg — véj)/n (26)
r<r Vg < ng
end
J
r<—r— Zaj 1, (27)
j=2

10 until convergence;

To explain the changes to this algorithm, we modify (20) and
(22) so that we directly use X rather than Q to exploit the sparsity
of X. Using (8), we first substitute Qg with POngRg;l to obtain
(28)
(29)

o —1p—1yT
zj=n R,X,Por+vgj
/

¥ <« r+ PyX, g g (vg] gj).

However, carrying out (28)-(29) instead of (20)-(22) incurs
a greater computational cost. Calculating Q;;,r requires n|gj|
operations. On the contrary, the minimal number of operations
required to do a matrix multiplication of jolX;;Por is n? +

nlgil + IgiI>
cases |gj| is small (for standard lasso, |gj| = 1,Vj and for our
biochemistry example, |gj| is at most 20), but the additional
increase in n can be very costly (especially in our example where
n is over 4 million).

For a more efficient calculation, we first exploit the structure
of Py = Iyxn — ﬂ”n]lg when multiplying Py with a vector,
which reduces the cost from n? operations to 2n operations.
Also, we carry out calculations using X, instead of PoXg, when
calculating residuals and do the corrections all at once.

Before going into detail about (23)-(26), we first discuss the
computational complexity. Comparing (23) with (20), the first
term only requires an additional | gj|2 operations. The second

, when it is parenthesized as Rg_j1 (X; (Por)). In many




term (X; 1,)/n can be stored during the initial QR decomposi-
tion; thus the only potentially expensive operation is calculating
an average of r which requires n operations. Comparing (25)
with (22), only | gj|2 additional operations are needed when we
parenthesize as Xg; (Rg_j1 (vgj - véj)). Note that if we had kept Py,
there would have been an additional 2n operations even though
we had used the structure of Py. In the calculation of (27),
we note that n operations are involved in subtracting Z]Lz a;
from r because g, are scalars. In summary, we essentially reduce
additional computational cost from O(n?) to nJ per cycle by
carrying out (23)-(26) instead of (28)-(29).

Now we derive/explain the formulas in Algorithm 4. To make
quantities more explicit, we use r; and r]’» to denote a residual
vector before/after update at j using Algorithm 3 and 7; and
7‘]/. using Algorithm 4. By definition, 741 = r]{ and 741 =
?]’». Also we note that in the beginning of the cycle r, = 7.

Equation (23) can be obtained from (28) by replacing Py with

T
Lisn— l"nﬂ” . Now we show that modified residuals still correctly

update coeflicients. Starting from j = 2, a calculated residual ?J’

is a constant vector off from a correct residual r]’ , as we see below

’ -1 ’
r'j = }’] + P()ngjo (UgJ — Vg]) (30)
1 Liy g1
— - —yy—1,-2 - -
= ;"]/ — lna]', (32)

— 13: -1 4 /
where we recall that a; = ~* X R (vg; — vgj). We note Porj =

878
Py7, because Pyl, = 0. Then the next Zj+1> thus new Vgiy1» Are
still correctly calculated since
. —lp=1 5T
g1 =1 jo+1ng+1

_ —1p—1 T
=n jo+1ng+1

Porjy1 + vg,

Po7ir1 + Vg1 - (33)

The next residual ?Jf 1 is again off by a constant from the cor-

. / . / - . -1 —
rect residual 77 ;. To see this, ;| = 7j11 +PoXg, Re. ', (Vg

u§j+l) = Fiy1+ 1)0)(gj+11zg—j+11 (Vg — v{éjﬂ) —ajl, by (29). Going
through (30)-(32) with j being replaced by j + 1, we obtain

/ ~/
Tig1 = Tip1 — (@ + aj1) L.

Inductively, we have correct zj, thus Vg; for allj > 2. At the end
of the cycle, we correct the residual vector all at once by letting

r<—r— (ZJIZZ aj) 1y

2.3. RPackage Details

We provide a publicly available R implementation of our algo-
rithm in the PUlasso package. For a fast and efficient imple-
mentation, all underlying computation is implemented in C++.
The package uses warm start and strong rule (Friedman et al.
2007; Tibshirani et al. 2012), and a cross-validation function is
provided as well for the selection of the regularization parameter
A. Our package supports a parallel computation through the R
package parallel.
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2.4. Run-Time Improvement

Now we illustrate the run-time improvements for our two
speed-ups. Note that we only include p up to 100 so that we
can compare to the original regularized EM algorithm. For
our biochemistry application p = O(10%) and n = 0(10°)
which means the regularized EM algorithm is too slow to run
efficiently. Hence, we use smaller values of n and p in our run-
time comparison. It is clear from our results that the quadratic
majorization step is several orders of magnitude faster than the
original EM algorithm, and exploiting the sparsity of X provides
a further 30% speed-up.

3. Statistical Guarantee

We now turn our attention to statistical guarantees for our
PUlasso algorithm under the statistical model (1). In particular,
we provide error bounds for any stationary point of the noncon-
vex optimization problem (5). Proposition 2.1 guarantees that
we obtain a stationary point from our PUlasso algorithm.

We first note that the observed likelihood (3) is a generalized
linear model (GLM) with a noncanonical link function. To see
this, we rewrite the observed likelihood (3) as

L7, 7)) = [ | exp (zimi — A(m) (34)

i=1

after some algebraic manipulations, where we define n; :=
log(ng/mny) + xiTG —log(1+ exiTe) and A(n;) :=log(1 + €).
Also, we let u(n;) = A’(n;), which is the conditional mean
of z; given x;, by the property of exponential families. For the
convenience of the reader, we include the derivation from (3)
to (34) in the supplementary materials (S2.1). The mean of z;
is related with 67 x; via the link function g through g(u(n)) =
0Tx;, where g satisfies (go 1) ~1(0 Ty)) = log(ne/mny) + xiTG -
log(1 + ¢ %). Because (g o )~ ! is not the identity function,
the likelihood is not convex anymore. For a more detailed
discussion about the GLM with noncanonical link (see, e.g.,
McCullagh and Nelder 2006; Fahrmeir and Kaufmann 1985).

A number of works have been devoted to sparse estimation
for generalized linear models. A large number of previous works
have focused on generalized linear models with convex loss
functions (negative log-likelihood with a canonical link) plus ¢;
or £1/¢, penalties. Results with the £; penalty include a risk con-
sistency result (van de Geer 2008) and estimation consistency
in £, or £; norms (Kakade et al. 2010). For a group-structured
penalty, a probabilistic bound for the prediction error was given
in Meier, Van De Geer, and Bithlmann (2008). An ¢, estimation
error bound in the case of the group lasso was given in Blazére,
Loubes, and Gamboa (2014).

Negahban et al. (2012) rederived an ¢, error bound of an
£1-penalized GLM estimator under the unified framework for
M-estimators with a convex loss function. This result about
the regularized GLM was generalized in Loh and Wainwright
(2006) where penalty functions are allowed to be nonconvex,
while the same convex loss function was used. Since the overall
objective function is nonconvex, authors discuss error bounds
obtained for any stationary point, not a global minimum. In this
aspect, our work closely follows this idea. However, our setting
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Table 1. Timings (in seconds).

(n,p) PUlasso EM Time reduction (%)
Dense matrix n=1000,p =10 0.94 443.72 99.79
n = 5000,p = 50 2.52 1844.98 99.86
n = 10,000,p = 100 9.45 5066.86 99.81
Sparse matrix n=1000,p =10 0.40 196.86 99.80
n = 5000,p = 50 2.01 614.65 99.67
n = 10,000,p = 100 429 1201.09 99.64

NOTE: Sparsity level in X = 0.95, ny /n, = 0.5. Total time for 100 A values, averaged over 3 runs.

Table 2. Timings (in seconds) using sparse and dense calculation for fitting the same simulated data.

Dense calculation Time reduction (%)

(n,p) Sparse calculation
n = 10,000,p = 100 12.91
n = 30,000,p = 100 25.64
n = 50,000,p = 100 3947

19.24 32.89
38.73 33.79
57.18 30.97

NOTE: Sparsity level in X = 0.95, ng /ny = 0.5. Total time for 100 A values, averaged over 3 runs.

differs from Loh and Wainwright (2006) in two aspects: first,
the loss function in our setting is nonconvex, in contrast with a
convex loss function (a negative log-likelihood with a canonical
link) with nonconvex regularizer in Loh and Wainwright (2006).
Also, an additive penalty function was used in the work of Loh
and Wainwright (2006), but we consider a group-structured
penalty.

After the initial draft of this article was written, we became
aware of two recent papers (Elsener and van de Geer 2018;
Mei, Bai, and Montanari 2018) which studied nonconvex M-
estimation problems in various settings including binary linear
classification, where the goal is to learn 6* such that E[z;|x;] =
o (xiT 0*) for aknown o (-). The proposed estimators are station-
ary points of the optimization problem: argmin, n~' Y"1, (z; —
cr(xl-TG))2 + X1||€0]1 in both papers. As the focus of our article is
to learn a model with a structural contamination in responses,
our choice of mean and loss functions differ from both papers.
In particular, our choice of mean function is different from
the sigmoid function, which was the representative example of
o (-) in both papers, and we use the negative log-likelihood loss
in contrast to the squared loss. We establish error bounds by
proving a modified restricted strong convexity condition, which
will be discussed shortly, while error bounds of the same rates
were established in Elsener and van de Geer (2018) through a
sharp oracle inequality, and a uniform convergence result over
population risk in Mei, Bai, and Montanari (2018).

Due to the nonconvexity in the observed log-likelihood, we
limit the feasible region ®g to

O = {0 € RP; 101, < 10, 1021 < Ra} (35)

for theoretical convenience. Here rg, R, > 0 must be chosen
appropriately and we discuss these choices later. Similar restric-
tion is also assumed in Loh and Wainwright (2006).

3.1. Assumptions

We impose the following assumptions. First, we define a sub-
Gaussian tail condition for a random vector x € RP; we say
x has a sub-Gaussian tail with parameter o2, if for any fixed
v € RP, there exists o, > 0 such that E[exp(t(x — ElxDTv)] <
exp(t2||v||%af/2) for any t € R. We recall that 6* is the true
parameter vector, which minimizes the population loss.

Assumption 1. The rows x; € RP, i = 1,2,...,n of the design
matrix are iid samples from a mean-zero distribution with sub-
Gaussian tails with parameter af. Moreover, X, := E[x,-xiT ]isa
positive definite and with minimum eigenvalue Amin (£x) > Ko
where Kj is a constant bounded away from 0. We further assume
that (xij)jeg; are independent for all j € gjand gj € G.

Similar assumptions appear in, for example, Negahban et
al. (2012). This restricted minimum eigenvalue condition (see,
e.g., Raskutti, Wainwright, and Yu 2010 for details) is satisfied
for weakly correlated design matrices. We further assume inde-
pendence across covariates within groups since sub-Gaussian
concentration bound assuming independence within groups is
required.

Assumption 2. For any r > 0, there exists K] such that
max; |xiT9| < K7 as. for all 0 in the set {0 6 — 0%, <
r N supp(d — 6%) C gj for some gj € G}.

Assumption 2 ensures that IxiT0*| is bounded a.s., which
guarantees that the underlying probability (1 + e y=lis
between 0 and 1, and IxiT6’| is also bounded within a compact
sparse neighborhood of 6* which ensures concentration to
the population loss. Comparable assumptions are made in
Elsener and van de Geer (2018); Mei, Bai, and Montanari
(2018) where similar nonconvex M-estimation problems are
investigated.

Assumption 3. The ratio of the number of labeled to unlabeled
data, that is, ny/n, is lower bounded away from 0 and upper
bounded for all n = ny + ny, as n — oo. Equivalently, there is
a constant K; such that |log (ng/mwny,) | < Ky

Assumption 3 ensures that the number of labeled samples n,
is not too small or large relative to #. The reason why 7, cannot
be too large is that the labeled samples are only positives and we
need a reasonable number of negative samples which are a part
of the unlabeled samples.

Assumption 4 (Rate conditions). We assume a high-dimensional
regime where both (n,p) — oo and logp = o(n). For § =
(g15----80)> (Wj){)) and m := max; |gj|, we assume | = QP



for some 8 > 0, m = o(n A)), min; w; = (1), and max; wj =

o(n AJ).

Assumption 4 states standard rate conditions in a high-
dimensional setting. In terms of the group structure, we assume
that growth of p is not totally attributed to the expansion of a
few groups; the number of groups J increases with #, and the
maximum group size m is of small order of both n and J. Also we
note that a typical choice of w; = ,/|gj| satisfies Assumption 4
because min; w; > 1, maxjw; = /mand /m/n,/m/] = o(1).

Finally, we define the restricted strong convexity assumption
for a loss function following the definition in Loh and Wain-
wright (2006).

Definition 3.1 (Restricted strong convexity). We say L, satisfies
a restricted strong convexity (RSC) condition with respect to 6*
with curvature @ > 0 and tolerance function t over ®y if the
following inequality is satisfied for all 6 € ®¢

T
(VLu(0) — VL4(0%) A =alAl3 —t([Allga)).  (36)
log] + m

where A := 6 — 0* and T(| Allg0,) = mmnmlL +
log] +m
Dl Allg a1y 2

n
In the special case where ||A||921 = ||All; and hence

(Al = 1:1||A||2 + Al p, similar RSC con-

ditions were d1scussed in Negahban et al. (2012) and Loh and
Wainwright (2006) with different z and ®¢. One of the impor-
tant steps in our proofis to prove that RSC holds for the objective
function £,(0).

3.2. Guarantee

Under Assumptions 1-4, we will show in Theorem 3.2 that the
RSC condition holds with high probability over {0; 0], < ro}
and therefore over ®y, for ®( defined in (35). Under the RSC
assumption, the following proposition, which is a modification
of Theorem 1in Loh and Wa1nwr1ght (2006) provides £1 /€, and
¢, bounds of an error vector A := 6 — 0*. Recall that m =
max; |gj| (the size of the largest group) and J is the number of

groups.

Proposition 3.1. Suppose the empirical loss £, satisfies the RSC

. . log] +m
condition (36) with T(||[Allg,;) = r1||A||921g— +

log] +m

L2llAllg2 over ®y where ©y is feasible region for

the objective (5), as defined in (35), and the true parameter
vector 6% is feasible, that is, 6* € ©¢. Consider A such that

amax {17£,(6%) g 5 s

(rl —ZR”(loi] LN —(log]n+ m)> } < A.(37)
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Let A be a stationary point of (5). Then the following error
bounds

N 3/SA 6sk

All, < (maxw)—~= and ||A < (maxwj)*—

I ||2_(jeS i) o IAllg12 = ( na i) "
(38)

hold where S:={j € (1,... ,]);9; # 0} and s := [§].

The proof for Proposition 3.1 is deferred to the supplemen-
tary materials (§2.3). From (38), we note the squared ¢;,-error
to grow proportionally with s and A%. If 6* € © and the choice

of L. = 0 (,/ bg#) satisfies the inequality (37), we obtain

™ provided that the RSC
slogp
n

log
squared ¢, error which scales as s—=-"—

condition holds over ©g. In the case of lasso we recover
parametric optimal rate since ] = p,m = 1.

With the choice of ry > ||#*]; and R, = ® ( /log]+m>1’
we ensure * is feasible and A = ©® (,/ k’g’#) satisfies the

inequality (37) with high probability. Clearly

<T1 2R (lome) + 172/ log1]1+m> is of the order ,/ —=— OgHm with the

choice of R, = ©® ( /bgﬁ)’ and following Lemma 3.1, we
have ||VL,1(9*)||£3,,2,OO =0 (,/ bg#) with high probability.

Thus, inequality (37) is satisfied with A = © <,/ bg#) w.h.p.

as well.

Lemma 3.1. Under Assumptions 1-4, for any given € > 0, there
is a positive constant ¢ such that

log] +m
P (uvzn(e*)ng,z,oo > c\/gT> <e

given a sample size n > (logp + m) v (1/€)'/P.

The proof for Lemma 3.1 is provided in the supplement S2.4.
Now we state the main theorem of this section which shows that
RSC condition holds uniformly over a neighborhood of the true
parameter.

Theorem 3.2. For any given r > 0 and € > 0, there exist strictly
positive constants «, 1, and 7, depending on oy, Ko, K, and K;
such that

log] + m

T
(VLa(0) = VL4(0) A = al|All; — 11l Allg 4,

log] +m
—rzuAug,z,l,/gT (39)

holds for all 8 such that || A ||, := ||0 —0*||> < r with probability
atleast 1 — €, given (n, p) satistying n 2> (log] + m) v (1/e)V/B.

'We note that the group £; constraint is active only if /Iog%
O (maxywprovJ). If Re = (magwprovd, O = (6;16]1>

ro,10llg21 < Ra} 2 {6:16l2 < ro,llfllg2n < (maxjwrov/J}
{0:118112 < ro} by the £1-¢; inequality, that is, if 012 < ro, 101,21
(max; wj)roﬂ. The other direction is trivial, and thus ®q is reduced to
©p = {0; 110112 < ro}.

INTU TA
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The proof of Theorem 3.2 is deferred to the supplement S2.5.
There are a couple of notable remarks about Theorem 3.2 and
Proposition 3.1.

o The application of the Proposition 3.1 requires for a RSC
condition to hold over a feasible region ®y. Setting r = 2rg in
Theorem 3.2, inequality (39) holds over {6; |0 —0™||, < 2ro}
w.h.p., therefore, over @ C {0; [|0 — 6*||, < 2r0}.

o We discuss how underlying parameters ry, oy, and constants
Kyp-K; in Assumptions 1-3 are related to the £,-error bound.
From Proposition 3.1, we see that £,-error is proportional to
71/ and 7, /a. The proof of Theorem 3.2 reveals that 7; /o <
(0xK3/Ko)? and 13 /o < Ux(l—i—Kler)/KoLo, where Ly and K3
are also constants defined as Ly := inf (e"/(1+

|M|SK2+Kfr0 +2rK3

€M) (1 + erm“rOIQ)*2 and K3 < oy log(Uf/Ko)l/z. As
Ly is inversely related to K, and rg, £2-error is proportional
to the rg, oy, Kf"’ and K, in Assumptions 2 and 3, but
inversely related to the minimum eigenvalue bound Kj in

Assumption 1.

o The mean-squared error slngp in the case of ] = p is verified

below in Figure 2 and both the mean-squared error and
£ errors are minimax optimal for high-dimensional linear
regression (Raskutti, Wainwright, and Yu 2011).

To validate the mean-squared error upper bound of slngp
in Section 3, a synthetic dataset was generated according to
the logistic model (1) with p = 500 covariates and X ~
N(0, Ispox500). Varying s and n were considered to study the
rate of convergence of 69 — 0*|l,. The ratio ny/n, was fixed
to be 1. For each dataset, § was obtained by applying PUlasso

algorithm with a lambda sequence A, := cs\/@ for a suitably
chosen ¢ for each s. We repeated the experiment 100 times and
average {,-error was calculated. In Figure 2, we illustrate the rate
of convergence of 16 — 0*||,. In particular, 16 — 0*||, against

slogp . . .
\/ = is plotted with varying s and n. The error appears to be

linear in 4/ SIOTgP, and thus we also empirically conclude that our
algorithm achieves the optimal 4/ SIOTgP rate.

4. Simulation Study: Classification Performance

In this section, we provide a simulation study which validates
the classification performance for PUlasso. In particular, we
provide a comparison in terms of classification performance
to state-of-the-art methods developed in Du Marthinus, Niu,
and Sugiyama (2015), Elkan and Noto (2008), and Liu et al.
(2006). The focus of this section is classification rather than
variable selection since many of the state-of-the-art methods we
compare to are developed mainly for classification and are not
developed for variable selection.

4.1. Comparison Methods

Our experiments compare six algorithms: (i) logistic regression
model assuming we know the true responses (oracle estima-

2

A A
Elo-o

0.06 0.08

0.04

{slogp/n

Figure 2. Enné - 01,1 plotted against /s log p/n with fixed p = 500 and varying
sandn.

tor); (ii) our PUlasso algorithm; (iii) a bias-corrected logistic
regression algorithm in Elkan and Noto (2008); (iv) a second
algorithm from Elkan and Noto (2008) that is effectively a one-
step EM algorithm; (v) the biased SVM algorithm from Liu et
al. (2006); and (vi) the PU-classification algorithm based on an
asymmetric loss from Du Marthinus, Niu, and Sugiyama (2015).

The biased SVM from Liu et al. (2006) is based on the
supported vector machine (SVM) classifier with two tuning
parameters which parameterize misclassification costs of each
kind. The first algorithm from Elkan and Noto (2008) estimates
label probabilities P(z = 1|x) and corrects the bias in the classi-
fier via the estimation of P(z = 1|y = 1) under the assumption
of a disjoint support between P(x|y = 1) and P(x|y = 0).
Their second method is a modification of the first method; a unit
weight is assigned to each labeled sample, and each unlabeled
example is treated as a combination of a positive and negative
example with weight P(y = 1|x,z = 0) and P(y = 0Olx,z =
0), respectively. Du Marthinus, Niu, and Sugiyama (2015) sug-
gested using asymmetric loss functions with £;-penalty. Asym-
metric loss function is considered to cancel the bias induced by
separating positive and unlabeled samples rather than positive
and negative samples. Any convex surrogate of 0-1 loss function
can be used for the algorithm. There is a publicly available
matlab implementation of the algorithm when a surrogate is the
squared loss on the author’s webpage? and since we use their
code and implementation, the squared loss is considered.

4.2, Setup

We consider a number of different simulation settings: (i) small
and large p to distinguish the low and high-dimensional setting;
(ii) weakly and strongly separated populations; (iii) weakly and
highly correlated features; and (iv) correctly specified (logistic)

2Available at http://www.ms.k.u-tokyo.ac.jp/software.html
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or mis-specified model. Given dimensions (#, p), sparsity level
s, predictor autocorrelation p, separation distance d, and model
specification scheme (logistic, misspecified), our setup is the
following

o Choose the active covariate set S C {1,2,...
elements uniformly at random from (1,2, ...
0* € RP such that 9].* = 1s(j).

o Draw samples x € R?,iid from Px = 0.5P; + 0.5 where
Py := N(u1, Zp), Po := N(u2, X,). More concretely, firstly
draw u ~ Ber(0.5). If u = 1, draw x from P; and draw x
from Py otherwise.

,p} by taking s
,p). Welet true

- Mean vectors uy, 2 € RP are chosen so that they are
s-sparse, that is, supp(ui) = S, E[||n1 — ,u2||§] = d’
and variance of u; does not depend on d. Specifically,
we sample (1, up such that for j € S, we let uy; ~
N(/(2d> —1)/85,1/+/8s), aj = —p1j, and for j ¢ S,
wij = 0forie (1,2).

- A covariance matrix X, € RP*P is taken to be X, =
Kpp“_j‘ where K, is chosen so that ILSTEPILS = s. This
scaling of ¥, is made to ensure that the signal strength
var(x19*) = ]lSTEplls stays the same across p.

« Draw responses y € {0, 1}. If scheme = logistic, we draw y
such that y ~ Ber(Pyp=(y = 1|x)) where Pyp+(y = 1|x) =
1/(1 + exp(—G*Tx)). In contrast, if scheme = mis-specified,
we let y = 1if x was drawn from P;, and zero otherwise; that
is,y = l{u = 1}.

To compare performances both in low and high dimensional
setting, we consider (p = 10,s = 5) and (p = 5000,s =
5). We set the sample size ny = n, = 500 in both cases.
Autocorrelation level p takes values in (0,0.2,0.4,0.6,0.8). In
the high dimensional setting, we excluded algorithm (v), since
(v) requires a grid search over two dimensions, which makes the
computational cost prohibitive. For algorithms (i)-(iv), tuning
parameters A are chosen based on the 10-fold cross-validation.

4.3. Classification Comparison

We use two criteria, misclassification rate and F; score, to eval-

uate performances. F; is the harmonic mean of the precision

recision+recall
and recall, which is calculated as F; := 2 - p—
precision-recall

The F; score ranges from 0 to 1, where 1 corresponds to perfect
precision and recall. Experiments are repeated 50 times and the
average score and SEs are reported. The result for the misclas-
sification rate under correct model specification is displayed in
Figure 3.

Not surprisingly the oracle estimator has the best accuracy
in all cases. PUlasso and algorithm (vi) performs almost as well
as the oracle in the low-dimensional setting and better than
remaining methods in most cases. It must be pointed out that
both PUlasso and algorithm (vi) use additional knowledge 7 of
the true prevalence in the unlabeled samples. PUlasso performs
best in the high-dimensional setting while the performance
of algorithm (vi) becomes significantly worse because estima-
tion errors can be greatly reduced by imposing many 0s on
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the estimates in PUlasso due to the ¢;-penalty (compared to
£>-penalty in algorithm (vi)). The performance of (iii)-(iv) is
greatly improved when positive and negative samples are more
separated (large d), because algorithms (iii)-(iv) assume disjoint
support between two distributions. The algorithms show similar
performance when evaluated with the F; score metric and in the
mis-specified setting. Due to space constraints, we defer the full
set of remaining results in the supplementary materials (Section
S3).

5. Analysis of Beta-Glucosidase Sequence Data

Our original motivation for developing the PUlasso algorithm
was to analyze a large-scale dataset with positive and unlabeled
responses developed by the lab of Dr. Philip Romero (Romero,
Tran, and Abate 2015). The prior EM algorithm approach
of Ward et al. (2009) did not scale to the size of this dataset.
In this section, we discuss the performance of our PUlasso
algorithm on a dataset involving mutations of a natural BGL
enzyme. To provide context, BGL is a hydrolytic enzyme
involved in the deconstruction of biomass into fermentable
sugars for biofuel production. Functionality of the BGL enzyme
is measured in terms of whether the enzyme deconstructs
disaccharides into glucose or not. Dr. Romero used a microflu-
idic screen to generate a BGL dataset containing millions of
sequences (Romero, Tran, and Abate 2015).?

Main effects and two-way interaction models are fitted using
our PUlasso algorithm with ¢; and ¢; /¢, penalties (we discuss
how the groups are chosen shortly) over a grid of A values. We
test stability of feature selection and classification performance
using a modified ROC and AUC approach. Finally a scientific
validation is performed based on a follow-up experiment con-
ducted by the Romero lab. The variables selected by PUlasso
were used to design a new BGL enzyme and the performance
is compared to the original BGL enzyme.

5.1. Data Description

The dataset consists of ny = 2,647,877 labeled and functional
sequences and n, = 1,567,203 unlabeled sequences where
each of the observation 0 = (oy,...,0500) is a sequence of
amino acids of length d = 500. Each of the position o; €
(A,R,...,V,%*) takes one of M = 21 discrete values, which
correspond to the 20 amino acids in the DNA code and an extra
to include the possibility of a gap(x).

Another important aspect of the millions of sequences gen-
erated is that a “base wild-type BGL sequence” was considered
and known to be functional (y = 1), and the millions of
sequences were generated by mutating the base sequence. Single
mutations (changing one position from the base sequence)
and double mutations (changing two positions) from the base
sequence were common but higher-order mutations were
not prevalent using the deep mutational scanning approach
in Romero, Tran, and Abate (2015). Hence, the sequences
generated were not random samples across the entire enzyme
sequence space, but rather very local sequences around the wild-

3The raw data is available in https://github.com/RomeroLab/seq-fcn-data.git
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Figure 3. Misclassification rates of algorithms (i)—-(vi) under correct (logistic) model specification. Each error bar represents two SEs of the mean.

type sequence. Hence, the number of possible mutations in
each position and consequently the total number of observed
sequences is also reduced dramatically. With this dataset, we
want to determine which mutations should be applied to the
wild-type BGL sequence.

Categorical variables o are converted into indicator variables:
x = (I{o; = I})jy where 1 < j < 500,] € (A,R,...,V,%)\
(CIIWT) for the main-effects model, x = (1{o; = I}, 1{0; =
Loy = m}Pjkim where 1 < jk < 500,j # k Lm €
(A,R,...,V,%)\ (ol‘gvrTm) for the pairwise interaction models,
where O’IWT represents the amino acid of the wild-type sequence
at the /th position. In other words, each variable corresponds to
an indicator of mutation from the base sequence or interaction
between mutations. Although there are in principle p ~ d(M —
1) variables for a main-effects model and p ~ d?(M — 1)? if we
include main-effects and two-way interactions, there are many
amino acids that never appear in any position or appear only a
small number of times. For features corresponding to the main-
effects (1{o; = I} for some j and ), those sparse features are
aggregated within each position until the number of mutations
of the aggregated column reaches 100 or 1% of the total number
of mutations in each position; accordingly, each aggregated
column is an indicator of any mutations to those sparse amino
acids. For two-way interactions features (1{o; = I, 0% m}
for some j, k, I, and m), sparse features (< 25 out of 4,215,080
samples) are simply removed from the feature space. Using
this basic preprocessing we obtained only 3075 corresponding
to single mutations and 930 binary variables corresponding to
double mutations. They correspond to 500 unique positions
and 820 two-way interactions between positions, respectively.
As mentioned earlier, we consider both ¢; and group ¢;/¢»
penalties. We use the £;-penalty for the main-effects model and
the £ /¢, for the two-way interaction models. For the two-way
interaction model each group gj corresponds to a different posi-
tion (500 total) and pair of positions (820 total) where mutations
occur in the preprocessed design matrix and the group size
|gj| corresponds to the number of different observed mutations

in each position or pair of mutations in pair of positions (for
this dataset m = max;|gj| = 8). Higher-order interactions
were not modeled as they did not frequently arise. Hence, the
main-effects and two-way interaction model we consider have
p = 3076 (1 4 3075) and p = 4006 (1 + 3075 + 930) and
J = 1320(500 + 820) groups, respectively. In summary, we
consider the following two models and corresponding design
matrices

Xmain := [Intercept(1) + main effects(3075)]
€ {0, 1y4215.080x3076

Xint := [Intercept(1) + main effects(3075)

+two way interactions(930)] € {0, 1}421>-080x4006

[1,...

and the response vector z ,1,0,...,01F

c {0’ 1}4,215,080'

5.2. Classification Validation and Model Stability

Next we validate the classification performance for both the
main-effect and two-way interaction models. We fit models
using 90% of the randomly selected samples both from the posi-
tive and unlabeled set and use area under the ROC curve (AUC)
to evaluate the classification performance on the 10% of the
hold-out set. Since positive and negative samples are mixed in
the unlabeled test dataset this is a nontrivial task with presence-
only responses. A naive approach is to treat unlabeled samples
as negative and estimate AUC, but if we do so, the AUC is
inevitably downward-biased because of the inflated false posi-
tive (FP) rate. We note that a TP rate can be estimated in an
unbiased manner using positive samples. To adjust such bias, we
follow the methodology suggested in Jain, White, and Radivojac
(2017) and adjust FP rate and AUC value using the following
equation

FPnaive — 7TP

Fpadj _ , AUCMVe _ 7/
1

1—-nm

AUCY =

where 7 is the prevalence of positive samples.
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Figure 4. ROC curves of main effects (M) and two-way interaction model (M+1) with
A chosen based on 10-fold cross-validation.

Table 3. Summary of stability scores across all tuning parameter A values.

1st Qu. Median Mean 3rd Qu.
M 93.3% 94.9% 94.9% 96.8%
M+l 97.9% 98.8% 98.4% 99.3%

As Figure 4 shows, we have a significant improvement in
AUC over random assignment (AUC=0.5) in both the main
effect (AUC =0.7933) and two-way interaction (AUC = 0.7938)
models. The performances of the two models in terms of AUC
values are very similar at their best A values chosen by 10-fold
cross-validation. This is not very surprising as only a small num-
ber of two-way interactions are observed in the experiments.

We also examined the stability of the selected features
for both models as the training data changes. Following the
methodology of Kalousis, Prados, and Hilario (2007), we
measure similarity between two subsets of features s,s” using

, s+ IS = 205N
Ss(s, s') defined as Sg(s,s') =1 SE =505
values in [0, 1], where 0 means that there is no overlap between
the two sets, and 1 that the two sets are identical. S; is computed
for each pair of two training folds (i.e., we have % pairs) using
selected features and computed values are finally averaged over
all pairs. Feature selection turned out to be very stable across all
tuning parameter X values: on average we had about 95% overlap
of selection in main effect model (M) and about 98% overlap in
main effect+interaction model (M+1). Stability score is higher in
the latter model since we do a feature selection on groups, whose
number is much less than individual variables (1320 groups vs.
3076 individual variables).

. Sg takes

5.3. Scientific Validation: Designed BGL Sequence

Finally, we provide a scientific validation of the mutations
estimated by our PUlasso algorithm. In particular, we fit
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Table 4. Ten positive mutations.

Base/position/mutated

T197P E495G
K300P A38G
G327A S486P
A150D T478S
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Figure 5. Kinetics 10 positive mutations used in the Ilab(base

state/position/mutated state) and kinetics of designed BGL enzyme versus
wild-type (WT) BGL sequence. The designed BGL enzyme based on mutations
from Table 4 displays faster kinetics than the WT BGL sequence.

the model with the PUlasso algorithm and selected the best
A = 0.0001 based on the 10-fold cross-validation. We use
the top 10 mutations based on the largest size of coefficients
with positive signs from our PUlasso algorithm because we are
interested in mutations that enhance the performance of the
sequence. Dr. Romero’s lab designed the BGL sequence with
the 10 positive mutations from Table 4. This sequence was
synthesized, expressed, and assayed for its hydrolytic activity.
Hence, the designed sequence has 10 mutations compared to
the wild-type (base) BGL sequence.

Figure 5 shows firstly that the designed protein sequence
folds which in itself is remarkable given that 10 positions are
mutated. Secondly, Figure 5 shows that the designed sequence
decomposes disaccharides into glucose more quickly than the
wild-type sequence. These promising results suggest that our
variable selection method is able to identify positions of the
wild-type sequences with improved functionality.

6. Conclusion

In this article, we developed the PUlasso algorithm for both
variable selection and classification for high-dimensional classi-
fication with presence-only responses. Theoretically, we showed
that our algorithm converges to a stationary point and every
stationary point within a local neighborhood of 6* achieves an
optimal mean squared error (up to constant). We also demon-
strated that our algorithm performs well on both simulated and
real data. In particular, our algorithm produces more accurate
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results than the existing techniques in simulations and performs
well on a real biochemistry application.

Supplementary Materials

In the supplementary material, we provide proofs of results in the Sections 2
and 3 of the main article. In addition, extra simulation results are included.
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